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Abstract  
 
This paper analyzes network traffic instability result-
ing from turning and merging maneuvers of autono-
mous vehicles (AVs). The classical two-ring network 
is investigated through a microscopic simulation 
framework that models human-driven vehicles (HVs) 
and AVs by the human driver model (HDM) and the 
intelligent driver model (IDM), respectively. While 
results confirm the previous findings for HVs, we 
show that AVs performing turning and merging ma-
neuvers have a much more significant impact on the 
network traffic instability, and that such impact be-
comes even more significant in the presence of a 
higher turning frequency. This highlights the im-
portance of cooperative merging when AVs are 
widely deployed in urban networks.  
 
Keywords: autonomous vehicles; instability; network 
fundamental diagram; turning; merging; two-ring 
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1 Introduction 
 
It is no longer a matter of if, but of when autonomous 
vehicles (AVs) will be on the road and how they will 
change the operational performance of the road network. 
Although heated debate on various aspects of AVs has 
been around for some time, there are still quite a few open 
questions that require further investigation. This paper 
aims to provide insights into one of these less explored 
areas of AVs, that is, network traffic instability rendered 
by turning and merging maneuvers. 
 
From a traffic engineering perspective, the impact of 
AVs is largely foreseeable. Due to tighter headways ena-
bled by infinitesimal computer reaction times as com-
pared with human drivers, road capacity is expected to 
increase substantially. This can be easily understood us-
ing traffic engineering basics – in particular, traffic flow 
fundamental diagrams (FDs) (Mahmassani 2016). In 
contract, stability is a less intuitive car-following subject 
but is of equal importance to understand and analyze ve-
hicular flow. The literature has identified two types of 
car-following stability (Wilson and Ward 2011): local or 
platoon stability and string stability. The former refers to 
the vehicle’s ability to recover from a perturbation ren-
dered by its leader (e.g. a sudden brake), while the latter 
indicates if the perturbation grows or decays as it propa-
gates upstream of the vehicle platoon. Since local stabil-
ity is expected to hold in the presence of a well-estab-
lished car-following model, studies to date tend to focus 
on string stability (Talebpour and Mahmassani 2016; Hu 
et al. 2017). 
 
Nevertheless, limited effort has been made to date relat-
ing turning and merging maneuvers to network traffic in-
stability, which is therefore taken as the primary focus of 
this paper. Previous studies have investigated instability 
arising from human-driven vehicles (HVs) only, using a 
classical two-ring system which is perfect for isolating 
the effects of turns (Daganzo et al. 2011; Gayah and Da-
ganzo 2011) or a large-scale network model (Saberi, 
Mahmassani, and Zockaie 2014). Daganzo et al. (2011) 
and Gayah and Daganzo (2011) defined network traffic 
instability as “even for perfectly homogeneous networks 
with spatially uniform travel patterns, symmetric equilib-
rium patterns with equal flows and densities across all 
links are unstable if the average network density is suffi-
ciently high; instead, the stable equilibrium patterns are 
 asymmetric.” This paper aims to extend this instability 
analysis to AVs using a more detailed microscopic car-
following framework that distinguishes between HVs 
and AVs. We use SUMO (Lopez et al. 2018) as the sim-
ulation platform to build the two-ring network, and 
model HVs and AVs by the Human Driver Model 
(HDM) (Treiber et al. 2006) and the Intelligent Driver 
Model (IDM) (Treiber et al. 2000), respectively. Details 
of our modeling framework are presented in Section 2, 
and results in Section 3. Section 4 concludes the paper. 
 
2 Modeling Framework 
 
HVs and AVs have distinct operational characteristics 
that shall be modeled separately. While car-following pa-
rameters such as safe headway and jam spacing are argu-
ably different between the two driving modes, human 
driving style also differs in several other aspects includ-
ing reaction time, imperfect estimation, spatial and tem-
poral anticipation (Treiber et al. 2006). Further, unlike 
AVs that are controlled by “intelligent” computers result-
ing in a deterministic driving style, human drivers are 
heterogeneous that exhibit a much higher level of sto-
chasticity in their driving behavior. 
 
Considering the above differences, we briefly revisit, re-
spectively, the IDM (Treiber et al. 2000) for modeling 
AVs and the HDM (which is built upon the IDM) 
(Treiber et al. 2006) for modeling HVs in the following 
two subsections, followed by a description of the two-
ring network. It should be noted that AVs modeled in this 
paper are assumed to be controlled by its on-board sen-
sors only, and hence are not capable of communicating 
with the other vehicles or the infrastructure. As such, they 
differ from connected AVs (i.e. CAVs) which can further 
utilize information enabled by connectivity for better ac-
celeration/deceleration control. The results presented in 
Section 3 are based on this critical assumption. 
 
2.1 Intelligent Driver Model (IDM) 
 
The governing equation of the IDM specifies the accel-
eration of the 𝑛th vehicle 𝑎#(𝑡) as a continuous function 
of its velocity 𝑣#(𝑡), the net distance gap 𝑠#(𝑡), and the 
velocity difference ∆𝑣#(𝑡) to its leader (𝑡 is omitted for 
simplicity): 
 
 𝑎# = 𝑎 +1 − .𝑣#𝑣/01 − 2𝑠∗(𝑣#, ∆𝑣#)𝑠# 567 (1) 
 
where 𝑎 is the maximum acceleration and 𝑣/ is the de-
sired velocity. Here, 𝑠∗ is the so-called desired minimum 
gap calculated as follows: 
 
 𝑠∗(𝑣#, ∆𝑣#) = 𝑠/ + 𝑣#𝑇 + 𝑣#∆𝑣#2√𝑎𝑏  (2) 
 
where 𝑠/ is the minimum distance, 𝑇 is the safe time 
headway, and 𝑏 represents the comfortable deceleration. 
 
The IDM is considered a suitable car-following model for 
AVs due to several reasons (Kesting et al. 2008; Treiber 
et al. 2006) including: (i) vehicles have instantaneous re-
action (depending on the simulation step) and perfect es-
timation of the surrounding traffic conditions; (ii) the last 
term in Eq. (2) that only becomes active in non-stationary 
traffic enables a collision-free “intelligent” braking strat-
egy; and (iii) the resulting vehicle dynamics corresponds 
to a natural and smooth driving behavior. 
 
2.2 Human Driver Model (HDM) 
 
The HDM was proposed as a metamodel introducing four 
human-specific features into a wide range of microscopic 
car-following models (Treiber et al. 2006): (i) finite reac-
tion time; (ii) imperfect estimation capability; (iii) tem-
poral anticipation; and (iv) spatial or multi-vehicle antic-
ipation. In this paper, we apply the HDM extensions to 
the IDM for modeling HVs. 
 
2.2.1 Finite Reaction Time 
 
A reaction time 𝑇=>?@A is incorporated by evaluating the 
right-hand side of Eq. (1) at 𝑡 − 𝑇=>?@A. To reflect human 
drivers’ heterogeneity, we consider a hypothetical 
skewed normal distribution with a mean of 1.2 seconds 
(Green 2000), thereby associating each HV with a unique 
reaction time. It should be noted that this distribution is 
not calibrated or validated by any empirical data gathered 
by the authors. It is only an assumption made in this paper 
to represent human drivers’ heterogeneity. 
 
2.2.2 Imperfect Estimation Capability 
 
Human drivers are subject to estimation errors relating to 
the surrounding traffic conditions, two of which are the 
net distance and the velocity difference. Since the vehi-
cle’s velocity can be read from the odometer, this error is 
negligible. There are two ways of incorporating estima-
tion errors into the car-following model (Treiber et al. 
2006): (i) temporally correlated multiplicative HDM 
noise; and (ii) white acceleration noise. Although the for-
mer approach introduces a few more parameters that have 
intuitive meanings, this paper adopts the latter approach 
due to its simplicity. 
 
2.2.3 Temporal Anticipation 
 
 The critical assumption here is that human drivers are 
aware of their finite reaction times and hence anticipate 
the traffic conditions accordingly. To anticipate the fu-
ture velocity and distance based on the reaction time, a 
constant-acceleration and constant-velocity heuristics are 
applied, respectively (Treiber et al. 2006). The combined 
effects of the finite reaction time, the imperfect estima-
tion capability, and temporal anticipation results in a car-
following metamodel of the following form (𝜀 is a zero-
mean Gaussian noise): 
 
 𝑎#C = 𝑎#(𝑠#C , 𝑣#C , ∆𝑣#C ) + 𝜀 (3) 
 𝑠#C (𝑡) = [𝑠# − 𝑇=>?@A∆𝑣#]FGHIJKLM (4) 
 𝑣#C (𝑡) = [𝑣# − 𝑇=>?@A𝑎#C ]FGHIJKLM (5) 
 ∆𝑣#C (𝑡) = [∆𝑣#]FGHIJKLM (6) 
 
2.2.4 Spatial or Multi-Vehicle Anticipation 
 
Assuming that human drivers take into account the move-
ments of several vehicles ahead when driving, the car-
following model can be decomposed into two parts (ig-
noring the noise term) consisting of a single-vehicle ac-
celeration in free-flow conditions, 𝑎#N=>>, and a braking 
deceleration that reflects interactions with the preceding 
vehicles, 𝑎#OPQA  (Treiber et al. 2006): 
 
 𝑎#C = 𝑎#N=>> + R 𝑎#OPQA#GSOT#GU (𝑠#OC , 𝑣#C , ∆𝑣#OC ) (7) 
 
where 𝑘 is the number of preceding vehicles included in 
the calculation. Here, 𝑎#N=>> = 𝑎 .1 − WXYZX[\10 and 𝑎#OPQA =−𝑎 W]∗^XYZ ,∆XY_Z `]Y_Z \6. 
 
2.3 Two-Ring Network 
 
As illustrated in Figure 1, the perfectly symmetric two-
ring network is arguably the simplest system that isolates 
the effects of turning and merging maneuvers (Gayah and 
Daganzo 2011; Daganzo et al. 2011). While vehicles 
travel counter-clockwise on the left ring and clockwise 
on the right ring in an indefinite manner, each of them 
has the same fixed probability of turning and switching 
to the other ring. Unlike Gayah and Daganzo (2011) and 
Daganzo et al. (2011) where the two rings are tangen-
tially connected (i.e., they only interact at the tangent 
point), we set a physical length to the link connecting one 
ring to the other as a more realistic representation of a 
real-world network. Note that equal priority is assumed 
whenever a conflict arises in the merging area between 
one vehicle traveling in its current ring and one switching 
from the other ring. 
 
 
Figure 1. Schematic illustration of the two-ring network 
 
3 Results and Discussion 
 
3.1 Simulation Setup 
 
Table 1 shows the model parameters for HVs and AVs, 
respectively. Compared with an HV, an AV is associated 
with a smaller safe time headway and jam spacing for be-
ing controlled by an “intelligent” computer. Note that the 
standard deviation of the acceleration noise of human 
drivers is 0.2 m/s2, and that the number of anticipated ve-
hicles 𝑘 = 3. Each simulation run lasts for 30 minutes 
with a simulation step of 0.1 seconds (which is also the 
reaction time of AVs). Following a speed limit of 30 
km/h, vehicles are symmetrically loaded onto the net-
work at a rate of 180 veh/h. 
 
Table 1. Model parameters for HVs and AVs 
Parameter HV AV 
Desired speed (km/h) 120 120 
Safe time headway (s) 1.5 0.5 
Maximum acceleration (m/s2) 1.5 1.5 
Desired deceleration (m/s2) 2 2 
Jam spacing (m) 2 0.5 
 
3.2 No Turning 
 
We first restrict vehicles from switching between the two 
rings to obtain the simulated FDs in the absence of turn-
ing and merging maneuvers. Macroscopic traffic flow 
variables are calculated every 10 seconds based on ex-
tended Edie’s definitions (Saberi, Mahmassani, Hou, et 
al. 2014) using simulated vehicle trajectories. Our analy-
sis hereafter will focus on two “extreme” scenarios only: 
one with 100% HVs and the other with 100% AVs, and 
hence no mixed traffic is considered. The reason or mo-
tivation is to show through these two highly contrasted 
scenarios that instability caused by turning and merging 
maneuvers still arises in an ideal fully autonomous but 
non-connected environment. In fact, the instability phe-
nomenon becomes even more significant in the presence 
of full automation without connectivity, as we will show 
in Subsections 3.3 and 3.4. 
  
Figure 2 shows the simulated FDs of the two rings, re-
spectively, in comparison with the theoretical FD ob-
tained using the speed limit as the free-flow speed, the 
reciprocal of the jam spacing as the jam density, and an 
estimated congestion wave speed (such that the maxi-
mum observed flow is enveloped). 
 
 
(a) 100% HVs 
 
(b) 100% AVs 
Figure 2. FDs without the effect of turning 
 
As expected, replacing HVs with AVs results in a much 
larger critical density that pushes the peak of the FD to-
ward the right. Accordingly, the maximum observed flow 
or capacity has nearly doubled due to vehicle automation 
(depending on the parameter values assumed), a finding 
consistent with Mahmassani (2016). Note how the simu-
lated FDs of HVs deviate from the theoretical FD, espe-
cially during the congested regime immediately after the 
critical density, and that a slight capacity drop can be ob-
served. In contrary, the simulated FDs of AVs align quite 
well with the theoretical FD except for a near plateau 
around the critical density rather than a peak. The above 
differences in FDs can be entirely explained by the dis-
tinct driving behaviors of HVs and AVs – human drivers 
are associated with a much higher level of heterogeneity 
and stochasticity, whereas AVs are equipped with a con-
sistent and deterministic driving strategy. 
 
3.3 Low Turning Probability 
 
We now consider a low turning probability of 0.15 which 
is applied to all vehicles in the network. Given the simu-
lation stochasticity, a total of six simulation runs are per-
formed and the results are shown in Figure 3. Remarka-
bly, regardless of vehicles being human-driven or auton-
omous, the FD of one ring gradually evolves toward the 
congested regime or gridlock, while the other remains at 
the free-flow or capacity regime. This observation veri-
fies the argument of Daganzo et al. (2011) that, under 
congested traffic conditions, simultaneous congested 
  
(a) FDs of 100% HVs (b) FDs of 100% AVs 
  
(c) NFDs of 100% HVs (d) NFDs of 100% AVs 
 
Figure 3. Simulation results with 0.15 turning probability 
 regimes of the two rings are unstable equilibria, and that 
the two-ring system will always evolve toward the state 
where one ring is congested or gridlocked and the other 
free-flowing (i.e. stable equilibria). 
 
A more important observation lies in the wide scatter ex-
hibited by the simulated FDs of AVs. Under the human-
driving scenario, the scatter only appears around the crit-
ical density on a rather small scale, whereas under the 
fully autonomous scenario, the scatter appears way be-
fore the critical density is reached and spreads to the con-
gested regime on a much larger scale. As a result, the net-
work fundamental diagram (NFD) or macroscopic fun-
damental diagram (MFD) exhibits a bifurcation prior to 
reaching the critical network density (i.e. the theoretical 
bifurcation point), as illustrated in Figure 3(d) in compar-
ison with Figure 3(c). This observation can also be con-
firmed in Figure 4 – the turning points of the phase paths 
(i.e. the density-density relationships of the two rings) re-
sulting from AVs arise much earlier before the theoretical 
bifurcation point. 
 
Results suggest that, although being able to improve the 
network flow, AVs without connectivity have the poten-
tial to increase the network traffic instability caused by 
turning and merging maneuvers, even if such maneuvers 
are not frequent. In fact, with a high turning probability, 
the effects on instability become even more significant. 
This will be shown in the following subsection. 
 
  
(a) 100% HVs (b) 100% AVs 
Figure 5. Phase paths with 0.15 turning probability 
 
3.4 High Turning Probability 
 
Here, we increase the turning probability to 0.5 and redo 
the analysis. Due to more frequent turning and merging 
maneuvers, the simulated FDs under the human-driven 
scenario as shown in Figure 5(a) exhibit, as expected, a 
greater scatter in comparison with Figure 3(a). It is inter-
esting to note from Figure 5(b) that, under the fully au-
tonomous scenario, the transition of one ring from the 
free-flow regime to the congested regime takes place 
very quickly without showing the same level of scatter as 
we previously observed in Figure 3(b). 
 
Nevertheless, the NFDs shown in Figure 5(d) consist-
ently undergo a bifurcation which, again, appears way 
before the critical network density is reached under the 
fully autonomous scenario. In fact, a closer comparison 
between Figure 6 and Figure 4 reveals that the tuning and 
merging maneuvers of AVs have a much greater impact 
  
(a) FDs of 100% HVs (b) FDs of 100% AVs 
  
(c) NFDs of 100% HVs (d) NFDs of 100% AVs 
 
Figure 4. Simulation results with 0.5 turning probability 
 on the network traffic instability, and that such impact 
from HVs are far less sensitive to the turning frequency. 
 
  
(a) 100% HVs (b) 100% AVs 
Figure 6. Phase paths with 0.5 turning probability 
 
4 Conclusion 
 
This paper extends the existing network instability anal-
ysis of HVs to AVs using a microscopic simulation 
framework that models HVs and AVs by the HDM and 
the IDM, respectively. While confirming the previous 
findings in the literature, the results demonstrate that the 
turning and merging maneuvers of AVs have a much 
more significant impact on the network traffic instability. 
This highlights the importance of controlling, optimiz-
ing, and cooperating the merging behavior of AVs possi-
bly through connectivity. We are currently extending our 
instability analysis to verify the potentially positive ef-
fects of connectivity and hence the impact of learning 
versus non-learning AVs. 
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